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present participle nominative agens

Act, doing effective, powerful

agent
MID. ENGLISH
late 15¢.

someone or something
that produces an effect

http://www.etymonline.com/index.php?term=agent
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Full Definition of Agent
1 : one that acts or exerts power
a : something that produces or is capable of producing an effect :
an active or efficient cause Education proved to be an agent of change in the community.
b : a chemically, physically, or biologically active principle an oxidizing agent
3 : a means or instrument by which a guiding intelligence achieves a result
4 : one who is authorized to act for or in the place of another: such as
a: arepresentative, emissary, or official of a government crown agent federal agent
b : one engaged in undercover activities (such as espionage) : spy a secret agent

c: abusiness representative (as of an athlete or entertainer) a theatrical agent

5 :a computer application designed to automate certain tasks (such as gathering information online)

http://www.merriam-webster.com/dictionary/agent
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0938 0338
Percept sequence Action
[A, Clean] Right
[A, Dirty] Suck
(B, Clean] Left
(B, Dirty] Suck
[A, Clean), [A, Clean] Right
[A Clean|, |A, Dirty| Suck
[A7 Clean], [A, Clean], [A, Clean)] Right
Suck

&
&

[A, Clean], [A, Clean], [A, Dirty]

Figure 2.3
shown in Figure 2.2.

Partial tabulation of a simple agent function for the vacuum-cleaner world

S b G Sa | Jgaa (ol sdse
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function REFLEX-VACUUM-AGENT([location,status]) returns an action

if status = Dirty then return Suck
else if [ocation = A then return Right
else if [ocation = B then return Left
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A B Percept sequence Action
Ad@ [A, Clean] Right
[A, Dirty] Suck
No)% N(o)%
0980 0986 [B, Clean] Left
|B, Dirty] Suck
[A, Clean], [A, Clean)] Right
|A, Clean], [A, Dirty| Suck
[A, Clean], [A, Clean], [A, Clean)] Right
[A, Clean], [A, Clean], [A, Dirty] Suck

Figure 2.3  Partial tabulation of a simple agent function for the vacuum-cleaner world
shown in Figure 2.2.
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TABLE-DRIVEN-AGENT

function TABLE-DRIVEN-AGENT( percept) returns an action
persistent: percepts, a sequence, initially empty

table, a table of actions, indexed by percept sequences, initially fully specied

append percept to the end of percepts
action «—L OOKUP ( percepts, table)
return action
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Percept x Action z
1.0 1.000000000000000 function SQRT(x)
1.1 1.048808848170152 z—1.0 [ * initial guess */
12 1.095445115010332 repeat until |22 - x| < 10=15
13 1.140175425099138 2
—_7 - - 0/2
14 1.183215956619923 2=z @~ 02
15 1.224744871391589 end
1.6 1.264911064067352 return z
1.7 1.303840481040530
18 1.341640786499874
19 1.378404875209022
Figure 2.2 Part of the ideal mapping for the square-root problem (accurate to 135 digits), and a
corresponding program that implements the ideal mapping.
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function REFLEX-VACUUM-AGENT([location,status]) returns an action

if status = Dirty then return Suck
else if [ocation = A then return Right
else if [ocation = B then return Left
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A B Percept sequence Action
Ad@ [A, Clean] Right
[A, Dirty] Suck
No)% N(o)%
0980 0986 [B, Clean] Left
|B, Dirty] Suck
[A, Clean], [A, Clean)] Right
|A, Clean], [A, Dirty| Suck
[A, Clean], [A, Clean], [A, Clean)] Right
[A, Clean], [A, Clean], [A, Dirty] Suck

Figure 2.3  Partial tabulation of a simple agent function for the vacuum-cleaner world
shown in Figure 2.2.
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Simple Reflex Agents
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SIMPLE REFLEX AGENT

function SIMPLE-REFLEX-AGENT( percept) returns an action
persistent: rules, a set of conditionaction rules

state <1 NTERPRET-INPUT( percept)
rule <R ULE-MATCH(state, rules)
action < rule. ACTION

return action
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MODEL-BASED REFLEX AGENT (SIMPLE REFLEX WITH STATE AGENT)

function MODEL-BASED-REFLEX-AGENT( percept) returns an action
persistent: state, the agents current conception of the world state
model, a description of how the next state depends on current state and action
rules, a set of conditionaction rules
action, the most recent action, initially none

state «——UPDATE -STATE(state, action, percept, model)
rule <—RULE -MATCH(state, rules)

action < rule. ACTION

return action
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ENVIRONMENT PROGRAM

procedure RUN-ENVIRONMENT(state, UPDATE-FN, agents, termination)
inputs: state, the initial state of the environment
UPDATE-FN, function to modify the environment
agents, a set of agents
termination, a predicate to test when we are done

repeat
for each agent in agents do
PERCEPT[agent]| «+ GET-PERCEPT(agent, state)
end
for each agent in agents do
ACTION[agent] «+ PROGRAM|agent|(PERCEPT[agent])
end
state + UPDATE-FN(actions, agents, state)
until rermination(state)
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function RUN-EVAL-ENVIRONMENT(state, UPDATE-FN, agents,
termination, PERFORMANCE-FN) returns scores
local variables: scores, a vector the same size as agents, all 0

repeat
for each agent in agents do
PERCEPT[agent] < GET-PERCEPT(agent, state)
end
for each agentin agents do
ACTION[agent] «+— PROGRAM[agent](PERCEPT[agent])
end
state < UPDATE-FN(actions, agents, state)
scores — PERFORMANCE-FN(scores, agents, state)
until rermination(state)
return scores /* change * /
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INTELLIGENT AGENTS

In which we discuss the nature of agents, perfect or otherwise, the diversity of environments,
and the resulting menagerie of agent types.

Chapter 1 identified the concept of rational agents as central to our approach to artificial
intelligence. In this chapter, we make this notion more concrete. We will see that the concept
of rationality can be applied to a wide variety of agents operating in any imaginable environ-
ment. Our plan in this book is to use this concept to develop a small set of design principles
for building successful agents—systems that can reasonably be called intelligent.

‘We begin by examining agents, environments, and the coupling between them. The ob-
servation that some agents behave better than others leads naturally to the idea of a rational
agent—one that behaves as well as possible. How well an agent can behave depends on the
nature of the environment; some environments are more difficult than others. We give a crude
categorization of environments and show how properties of an environment influence the de-
sign of suitable agents for that environment. We describe a number of basic “skeleton™ agent
designs, which we flesh out in the rest of the book.

2.1 Agents and Environments

An agent is anything that can be viewed as perceiving its environment through sensors and
acting upon that environment through actuators. This simple idea is illustrated in Figure 2.1.
A human agent has eyes, ears, and other organs for sensors and hands, legs, vocal tract,
and so on for actuators. A robotic agent might have cameras and infrared range finders for
sensors and various motors for actuators. A software agent receives file contents, network
packets, and human input (keyboard/mouse/touchscreen/voice) as sensory inputs and acts on
the environment by writing files, sending network packets, and displaying information or
generating sounds. The environment could be everything—the entire universe! In practice it
is just that part of the universe whose state we care about when designing this agent—the part
that affects what the agent perceives and that is affected by the agent’s actions.

‘We use the term percept to refer to the content an agent’s sensors are perceiving. An
agent’s percept sequence is the complete history of everything the agent has ever perceived.
In general, an agent’s choice of action ar any given instant can depend on its built-in knowl-
edge and on the entire percept sequence observed to date, but not on anything it hasn't per-
ceived By specifying the agent's choice of action for every possible percept sequence, we
have said more or less everything there is to say about the agent. Mathematically speak-
ing, we say that an agent's behavior is described by the agent function that maps any given
percept sequence Lo an action.




